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Abstract—This paper presents a novel data compression and
transmission scheme for power reduction in Internet-of-Things
(IoT) enabled wireless sensors. In the proposed scheme, data is
compressed with both lossy and lossless techniques, so as to enable
hybrid transmission mode, support adaptive data rate selection
and save power in wireless transmission. Applying the method
to electrocardiogram (ECG), the data is first compressed using a
lossy compression technique with a high compression ratio (CR).
The residual error between the original data and the decom-
pressed lossy data is preserved using entropy coding, enabling
a lossless restoration of the original data when required. Aver-
age CR of 2.1× and 7.8× were achieved for lossless and lossy
compression respectively with MIT/BIH database. The power
reduction is demonstrated using a Bluetooth transceiver and is
found to be reduced to 18% for lossy and 53% for lossless
transmission respectively. Options for hybrid transmission mode,
adaptive rate selection and system level power reduction make the
proposed scheme attractive for IoT wireless sensors in healthcare
applications.
Index Terms—Hybrid compression, internet-of-things, lossless,
lossy, wearable devices, wireless sensors.
I. INTRODUCTION
THE rapidly increasing healthcare expenditure worldwidehas triggered a renewed interest in developing personal
healthcare systems. Cardiovascular diseases, which are the
leading contributors to this expenditure, can be proactively
managed using Internet-of-Things (IoT) enabled wearable elec-
trocardiogram (ECG) sensors. The use of wireless wearable
sensors in cardio-patients reduces healthcare costs and leads
to better overall quality of life. The main challenge involved
in the development of a wearable sensor is the design of an
ultra-low power integrated circuit which can acquire, process
and wirelessly transmit physiological signals to a remote mon-
itoring centre [1]. A high level of integration with built in
signal acquisition and data conversion is required to minimize
the size, cost and power consumption of such a sensor [2].
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Fig. 1. Wireless ECG monitoring system.
In typical wearable ECG sensor, as in Fig. 1, the wireless
transceiver is the major source of power consumption (up to
90%) [3], [4]. Further, the large quantity of data obtained by
round the clock monitoring may need to be either stored in
a local memory (Flash/RAM) or transmitted wirelessly to a
gateway device for further analysis. The transmission of data
incurs high energy consumption, and the use of a large local
storage increases the device cost [5]. A custom made wireless
transceiver may be able to fix the power consumption issue,
but will lose interoperability with the billions of smart devices
already shipped with Bluetooth and therefore limits its adoption
rate. Furthermore, the newly introduced Bluetooth Smart has
limited data rate. Therefore, it is desirable to introduce a data
compression scheme at the sensor, so as to reduce the amount
of data that needs to be transmitted or stored. This can reduce
the system level power consumption and memory resource
requirements while being able to use the existing radios like
Bluetooth and Bluetooth Smart.
Many recent literatures on sensor data compression focus on
lossy compression, compressed sensing, adaptive/continuous
time sampling methods [6]–[8]. This is because such tech-
niques traditionally provide better compression ratio (CR) of
2–15 times, compared to lossless techniques which gives
1–3 times CR. The quality of ECG signal from lossy compres-
sion in most cases may be acceptable for clinical use. However,
the medical regulatory standards used in most countries does
not explicitly endorse the usage of lossy compression tech-
niques in commercial devices [9], [10]. This is because of the
uncertainty, that if all the patient data of potential diagnostic
value can be fully retained by such techniques. Also in adaptive
or continuous time sampling systems, data cannot be stored in
memory for future use as there is no reference for time [11].
Due to these issues, much effort has been recently invested in
lossless techniques [12]–[14], [31] which achieved good energy
efficiency and CR.
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Fig. 2. Block diagram of proposed hybrid scheme.
In this paper, we present a novel scheme that addresses
the issues in compression performance, system level power
consumption and ECG signal quality. What we propose is a
hybrid context aware compression and transmission scheme,
which enables hybrid lossless transmission, power aware data
rate selection and is tailored to the context of a battery operated
wearable low cost device. The sensor data is compressed in
both lossy and lossless fashion to facilitate hybrid and context
aware data transmission. The lossy compressed data achieves
7.8x compression with an RMS error of 4.6 and Percentage
RMS difference (PRD) of 0.51%. The lossless scheme achieves
a CR of 2.1x with minimal additional hardware complexity. The
proposed scheme is synthesized in 0.35 μm CMOS process
and consumes only 260 nW with 4 K gate complexity. Ultra-
low power consumption, small size and real time data rate
selection capability makes the proposed technique well suited
for wireless sensors in IoT applications.
This paper is organized as follows. In Section II, the proposed
scheme is detailed. The selection of compression algorithms to
serve as the engine of hybrid compression scheme are presented
in Section III. The performance evaluation and hardware archi-
tecture are discussed in Sections IV and V. A prototype system
is illustrated in Section VI for verifying the proposed scheme.
Conclusions are given in Section VII.
II. PROPOSED DATA COMPRESSION SCHEME
The proposed data compression scheme is a hybrid of lossy
and lossless compressions, as shown in Fig. 2. It consists of
a lossy compression block, a lossy decompression unit and an
entropy encoder.
The ECG data is first compressed by a lossy compres-
sion technique, which has a high CR of 6–10x. At this
CR, the reconstructed data typically attains acceptable PRD
(ref. to Table III). The lossy compressed data forms one of
the outputs of the compression unit, whose quality is sufficient
for preliminary assessment of QRS peak location, heart rate
variability (HRV) etc.
In cases where a more comprehensive signal analysis is
required, the original ECG is reconstructed using a lossless
compressed data stream from the bottom branch in Fig. 2, i.e.,
the residual error between the decompressed lossy data and
original data is calculated and entropy encoded to generate
another output. Note that the residual error has a very low
dynamic range and the entropy encoding helps to minimize
the bit-rate. The lossy compressed signal along with encoded
residuals can fully represent the original signal in a lossless
fashion. Fig. 3 illustrates the original signal, reconstructed
lossy signal and residual error. Fig. 4 shows the spectrum of
the original/lossless and lossy reconstructed signal. It can be
Fig. 3. Reconstructed lossy signal and residual error.
Fig. 4. Frequency spectrum of compressed versus original signal.
observed that the lossy compression has very minimal impact
on the signal except that it slightly attenuates the high frequency
content.
While decompressing, a lossy reconstruction of the signal is
done first, followed by addition of decoded residual error of the
corresponding sample to achieve lossless decompression. The
hybrid scheme shares the computational complexity of lossy
coding with lossless coding.
The proposed scheme has several unique advantages over
traditional lossless schemes in the context of wearable devices
as highlighted below.
1) Enabling Hybrid Transmission Mode: The most unique
advantage of the proposed technique is that it enables hybrid
transmission mode in wireless sensors [shown in Fig. 5(a), (b)]
to help reduce the overall power consumption. Here, in normal
operation only the lossy compressed data is transmitted wire-
lessly in real-time and the corresponding residual is stored in
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Fig. 5. (a) Hybrid compression. (b) Hybrid lossless transmission. (c) Power aware transmission.
local memory. This enables more than 80% savings in power in
the wireless transmitter and thus significantly extends the sen-
sor battery life. In most cases, the fidelity of the reconstructed
data from lossy compression is adequate for preliminary sig-
nal analysis. To verify this, we tested QRS peak detection
from lossy compressed ECG data against the results obtained
from [15]. Using 5 records from the MIT/BIH database, it
was found that the detection accuracy is reduced by only a
nominal 0.06% for the lossy data [16]. Typically, the gateway
carries out preliminary signal processing tasks such as QRS and
atrial-fibrillation detection. The gateway may also choose to
dynamically adjust the CR based on patient condition, i.e., to
program the sensor to increase or decrease the signal precision
to change data rate. In case an abnormality is observed in
the results, the gateway can request to receive raw ECG data
by retrieval of the stored residual data from the sensor for a
lossless restoration and a more precise analysis. In most cases,
the occurrence of an abnormal heart rhythm is very infrequent
and therefore this scheme results in overall improvement in
system level power consumption. The residual data can be also
retrieved wirelessly while the sensor is docked for charging
to enable a lossless restoration of raw data to be stored in
a database. The proposed hybrid transmission mode is useful
to reduce power consumption in any IoT wireless application,
where a less precise data can be used for preliminary analysis.
2) Enabling Power Aware Transmission: Most IoT devices
are battery powered, and therefore a sudden and abrupt end
of data acquisition and transmission occurs when the battery
drains out [17], [18].
A typical lossless compression scheme with CR > 2x can ex-
tend the battery life by around 2 times. A further improvement
in sensor functionality can be obtained by enabling graceful
data degradation using the proposed compression scheme, i.e.,
when the projected battery life of the device falls below a
minimum threshold (say 20%), the device can switch to lossy
only transmission mode instead of a fully lossless transmission,
extending the battery life of the device as shown in Fig. 5(a), (c).
The remaining battery life is typically measured by sampling
the present battery output voltage levels. The savings can be
validated based on the results from Table V. The encoded
residual data during this time can be locally stored or discarded.
3) Optimizing Utilization of Local Storage: The data ac-
quired from the ECG sensor is typically stored in a local mem-
ory. Round the clock acquisition of multi-lead ECG requires
a large local storage. For example, an 8-channel 12-bit ECG
Fig. 6. Data stored in a unit memory with (a) no compression, (b) lossless
compression, and (c) hybrid scheme with lossless for first 80% and lossy for
20% storage.
recording at 1 kHz would require 1.04 Gigabytes of storage
per day. Only limited memory can be embedded in a sensor to
maintain low cost. A hybrid compression scheme with adaptive
data rate selection enables the tradeoff between limited memory
resources and data quality, by storing only lossy data when the
remaining memory is limited (say 20%).
An illustration of memory usage assuming a lossless CR of
2x and lossy CR of 8x is given in Fig. 6. Assuming 1-unit
memory device can store 1x uncompressed data, it can store
up to 3.2x data in hybrid compression mode. This has been
validated with 2 records (Tapes 108 & 112) from MIT database.
It is observed that hybrid storage mode can store up to 2.96 and
3.62 times their equivalent raw data.
4) Increased Error Tolerance: Lossless compression
schemes typically use linear predictive coding techniques to
remove the redundancy between neighboring data samples [13],
[19]. Thus, only the uncorrelated part of the signal is stored
or transmitted resulting in data compression. However, when
intermediate packets are lost due to bad channel conditions in
wireless transmission or due to damaged sectors in a memory
device, the entire data can become un-decodable. Currently,
such issues are accounted for by sending periodic re-syncing
frames with full data samples [12].
A high frequency of re-syncing frames ensures a fast re-
covery after a packet loss, at the expense of compression
ratios. Even then, a full data recovery cannot be made until
the next re-syncing frame. By using the proposed hybrid data
compression scheme, where the data is compressed as lossy and
the residual is compressed as lossless, a fast restoration of data
can be ensured in case of a total packet loss, as illustrated in
Fig. 7. Also, a high error resilient transmission of the lossy data
using the Forward Error Correction (FEC), Automatic Repeat
Request (ARQ) schemes ensure that at least some level of data
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Fig. 7. Illustration of higher error tolerance with wireless sensors.
restoration can be achieved in the receiver even in the case of
an extremely noisy channel.
III. HYBRID SCHEME IMPLEMENTATION
The proposed hybrid compression scheme will work with
any existing lossy and lossless compression/decompression
algorithms. However, the implementation complexity is highly
depended on the choice of lossy compression and decompres-
sion schemes. This is because the lossy compressed data must
be decompressed locally at the sensor node for generating resid-
ual error. Any lossy technique with a complex reconstruction
scheme is not favored for the proposed approach due to the lim-
ited computational resources available in an IoT sensor node.
A review of several lossy compression techniques is given in
[20]. Popular lossy compression techniques, such as those that
rely on quantization or sub-sampling of the ECG data to obtain
a coarser version of the actual data, are not the best candidate
for proposed scheme. The uniform subsampling methods, such
as simple decimation, guarantee a desired compression ratio,
but they may not preserve signal fidelity well. On the other
hand, the non-uniform sub-sampling techniques, such as Fan
compression algorithm [20], are more effective in retaining sig-
nal fidelity as compared to uniform sub-sampling. In addition,
Fan is simple for hardware implementation (as discussed in
Section V) compared to transform domain based techniques
[21], [22]. That is because Fan algorithm implementation does
not require complex filter banks or memory elements like trans-
form domain compression methods [23]. Thus, we selected Fan
for demonstrating the proposed scheme. In the next subsections,
we will first review the Fan algorithm for better understanding
of implementation scheme presented in Section V, and followed
by the discussion on optimizing the Fan algorithm parameters
for proposed scheme. The performance evaluation is presented
for the proposed hybrid scheme using a combination of Fan
algorithm and Huffman coding.
1) Fan Algorithm: Fan algorithm is an adaptive sub-
sampling approach, that operates by drawing the longest pos-
sible straight line between the starting sample and the ending
sample, in such a way that the error in reconstruction of the
intermediate samples are less than the maximum specified error
value, ε. Fan algorithm is illustrated in Fig. 8.
The algorithm is initialized by storing the first sample, S1,
permanently, which serves as the first origin point. For the next
sample S2, two different bounds are computed as amplitude
of S2 ± ε. Two different slopes (U1, L1) are drawn between
the origin point and the upper (S2 + ε) and lower (S2 − ε)
bound. If the amplitude of the next sample (S3) is within the
Fig. 8. Fan algorithm illustration.
bounds created by slopes (U1, L1) at S3, then sample S2 is
eliminated. The process continues with computing the upper
and lower error bounds of sample S3(S3 ± ε). From the origin
point S1, two new slopes (U2, L2) are drawn to the points
(S3 + ε) and (S3 − ε). These new slopes are compared with
the previous slopes (U1, L1) and most converging slopes are
retained, i.e., (U1, L2) in the illustration. Since the amplitude
of the next sample S4 does not fall within the bounds created
by slopes (U1, L2), the sample just before that, i.e., S3, is
retained for storage and is made as the next origin point and
the process is repeated for all the remaining samples. The
duration between 2 consecutive samples, which are retained by
the algorithm, is stored as a field length to each retained sample.
The decompression will be done by simple linear interpolation.
ECG signals compressed/decompressed by the Fan algorithm
at different ε values in Matlab are shown in Fig. 9. The residual
error, computed by subtracting the lossy-reconstructed signal
from original signal, centers on zero and its maximum value is
bounded by the ε valued used.
2) Residual Encoding With Huffman Coding: Huffman cod-
ing, which associates the most frequently occurring symbols
with short codewords and the less frequently occurring symbols
with long codewords, will reduce the overall bit-rate further
since majority of the residual error samples are centred on
zero (Fig. 10). This symbol-codeword association table is pre-
constructed using a statistical dataset. Since there is only lim-
ited number of error symbols in this case (i.e., bounded by ε),
it can be simply implemented using a lookup table.
3) Reconstruction of Original Data: For reconstruction of
original lossless data, the lossy data is reconstructed first using
linear interpolation. Further, the residual samples have to be
synchronized with the lossy reconstructed data based on the
length field which is the duration between consecutive samples.
IV. OPTIMIZATION & PERFORMANCE EVALUATION
The performance of Fan compression in itself has been
analyzed before in [20]–[22]. The main focus of the previ-
ous studies is to achieve a higher CR with given constraints.
However, for the proposed hybrid method, lossy and lossless
performance has to be jointly evaluated and optimized in order
to achieve better energy efficiency and low hardware cost. To
find the optimum performance point of Fan algorithm for the
proposed hybrid scheme, the overall compression performance
is analysed against different maximum residual error amplitude
levels that corresponds to 0.1–1% of the dynamic range of the
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Fig. 9. Fan compressed signals with different error levels.
Fig. 10. Residual error probability histogram with ε = 10.
ECG signal. We use the records from MIT/BIH Arrhythmia
Database [16] as test datasets, which are digitized at 11-bit
resolution. With 11-bit resolution, the maximum residual error
of 0.1–1% of the dynamic range limits the error to absolute
values between 2∼20. Fig. 11 shows the average compression
performance of the algorithm for 48 half hour MIT ECG tapes
at different allowed error levels. For lossy compression, the
relationship between CR and maximum allowed residual error
amplitude is linear as expected. As the maximum allowed error
is increased, more samples are dropped, which results in a
higher compression ratio.
For lossless compression, it is obvious from Fig. 11 that there
is an optimum CR value associated with residual error levels,
which is around 2.1. This is due to following two reasons. First,
at very low error levels, only a few samples are dropped by the
Fan compression and the remaining samples have the additional
Fig. 11. Residual error versus lossless compression ratio.
overhead of appending the “length” field, which denotes the
duration from the previous sample. Second, as error levels
are increased, more samples are skipped, and the influence of
the “length” field overhead is minimal. This leads to the best
performance. Third, at higher maximum allowed error levels,
the variance of the residual error distribution is increased. This
results in the need for a higher bit width representation in en-
coding the residual error, i.e., more bits are needed for Huffman
coding (which will be presented in next section). Hence overall
CR decreases. From the simulation results (Fig. 11), it is clear
that the residual error levels should be limited to the range
between 0.3–0.7% of the maximum dynamic range of the signal
for optimal performance.
By using the optimized residual error levels, the performance
of the proposed scheme is evaluated based on RMS error
(RMSE), PRD and CR, which are the commonly used figures of
merits (FOM) for lossy compression and is given in (1) to (3),
respectively. RMSE has the same unit as of x(n), i.e., amplitude
in analog to digital converter (ADC) units. CR alone is the FOM
for the lossless method.
PRD =
√∑





n (x(n) − x′(n))2
N
(2)
CR = No of uncompressed bits
No of bits compressed bits (3)
where x′(n) is the reconstructed sample from lossy compressed
data, x(n) is original sample and N is the number of samples
in the ECG record. Table I shows the summary of ECG com-
pression performance for selected MIT/BIH recordings. The
offset in ADC output was removed before estimating CR. The
average values of performance parameters for all recordings are
given in Table II. The proposed algorithm achieves an average
lossless compression ratio of 2.1x with the test data. A lossy
compression ratio of 7.86x with 0.51% PRD and RMS error
of 4.61 is achieved by storing a fraction of the original data.
Fig. 12 shows PRD versus lossy CR plots for a few specific
MIT records.
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TABLE I
COMPRESSION PERFORMANCE OF THE PROPOSED ALGORITHM WITH 5
RECORDS OF MIT/BIH DATABASE
TABLE II
AVERAGE COMPRESSION PERFORMANCE OF THE PROPOSED ALGORITHM
WITH 48 RECORDS OF MIT/BIH DATABASE
Fig. 12. PRD versus lossy compression ratio.
Table III compares the performance of existing software
implemented lossy/lossless algorithms with the proposed one.
The proposed scheme has low implementation complexity (as
described in Section V) and enables novel data transmission
techniques for power reduction (as described in Section II), and
is not intended to compete with existing lossy/lossless tech-
niques purely on compression performance. As shown, the pro-
posed algorithm achieves a PRD of 0.51 for lossy compression
at a CR of 7.8. Including the residual bits for full restoration,
a lossless CR of 2.1 is achieved. Existing algorithms which
uses transform domain techniques like Wavelets, DCT, Fourier
transforms obtains higher lossy CRs at the expense of higher
reconstruction error (PRD) and implementation complexity [7],
[24], [25]. Similarly the neural networks based approach is
able to achieve a higher lossy CR, but at higher PRD [27].
It is noted that these methods have been implemented only
in software and is not suitable for low power sensors in IoT
applications due to their complexity. Methods using SPIHT
and Cubic Hermitian have similar lossy CR performance, but
at higher PRD [6], [26]. For lossless compression, transform
domain based Burrows Wheeler approach achieves a high CR
of 3.07 at the expense of complexity, and is only implemented
in software [28]. JQDC based lossless scheme proposed in [15]
has slightly higher CR but higher complexity. Unlike the above
methods, the proposed scheme simultaneously generates a lossy
TABLE III
PERFORMANCE COMPARISON WITH OTHER SOFTWARE TECHNIQUES
Fig. 13. Hardware architecture.
Fig. 14. Fan compressor data output format.
and incremental lossless stream to enable hybrid transmission
and has low hardware complexity, which makes it better suited
for wearable sensors in IoT applications.
V. HARDWARE IMPLEMENTATION
This section describes the hardware architecture and imple-
mentation of the proposed algorithm aimed at an ECG SoC to
be used in wearable sensors. The hardware architecture block
diagram is given in Fig. 13.
The Fan compressor selects intermittent samples in such a
way that the maximum error in reconstruction is lower than the
maximum allowed error (ε). The compressor output is 16 bits
wide, as shown in Fig. 14.
The 5-bit MSB is a length field (LEN_OUT) which indicates
the duration between the last stored sample and the current
stored sample. A linear interpolator is used to reconstruct the
ECG samples based on the last two stored samples. Further,
the reconstructed data is subtracted from the actual samples
to compute the residuals. The maximum duration between two
permanent samples (LEN_MAX) is limited to twenty. This is
to limit the storage requirement of original data samples needed
for computing the residuals.
A. Fan Compressor Architecture
There is no known hardware architecture reported in liter-
ature for Fan algorithm. A straight forward implementation
of Fan algorithm will require the slopes of all points from
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Fig. 15. Fan algorithm implementation.
the last origin point to be stored and its projections on the
current sample to be calculated as described in Section III.
We developed a simple recursive geometric approach for im-
plementing Fan where only the most stringent slope and its
projections are estimated/stored to simplify the calculations and
reduce implementation complexity. As shown in Fig. 15, S1 is
the current origin sample, SN−1 is the current sample under
consideration for elimination, SN is the next sample, and “Len”
is the duration from current origin sample to current sample
SN−1. In order to decide whether SN−1 should be kept or
eliminated, the value of the slope from current origin S1 to
SN−1 ± ε at SN , i.e., SNUB and SNLB has to be computed.
This is done by considering the right triangles ABC and ABD
in Fig. 15, as given in (4)–(7).





(SN−1 + ε− S1) (4)






(SN−1 − ε− S1) (6)
SNLB = S1 + BD (7)
If the amplitude of SN is not within the upper and lower
bounds SNUB and SNLB, then the current sample SN−1 is
chosen to be the next origin sample. Else, the current sample is
eliminated. The bounds are recursively checked against the past
values to select the most stringent slopes for the next sample.
This way only one set of computation need to be done per sam-
ple and it simplifies the hardware. The hardware architecture of
the Fan compressor is shown in Fig. 16. Due to the geometric
approach, the architecture has low complexity and requires
only three sets of data registers and a few combinational logic
circuits for its implementation.
The ECG data samples are serially loaded into shift register
marked SN , SN−1, and S1. S1 register stores the current origin
sample SN−1 stores the current sample under consideration
for elimination or storage and SN stores the immediate next
sample. The top half and bottom half of the circuit in Fig. 16
are similar and is used computing the upper bound (SNUB) and
lower bound (SNLB) respectively as given in (5), (7). During
Fig. 16. Fan compressor architecture.
initialization phase the first sample is considered as origin
sample and stored in S1 register. The 2nd and 3rd ECG samples
are loaded into SN−1 and SN registers respectively. Adders U1,
U2 and multiplier U3 is used to compute side BC of the triangle
(Fig. 15) using (4). Similarly, BD (Fig. 15) is calculated using
(6) using the bottom mirror of the circuit in Fig. 16. Adder U4,
D4 implements (5), (7) for computing SNUB, SNLB which
are marked in Fig. 15. Since sample stored in register SN is
within the bounds as computed by comparators U5 and D5
(as in Fig. 15) sample stored in register SN−1 is ignored and
the next sample is serially shifted through SN . As described
in Section III every time a sample is ignored, the bounds have
to recursively examined to find the most stringent bound for
the next sample. This is done by comparing the bounds from
maximum allowed error (i.e SN ± ε) and the prior projections
on the current sample if any, from an ignored sample. This func-
tionality of recursive checking is facilitated by comparator U6
and multiplexer UM1 for the upper bound and the equivalent
components in the lower half for the lower bound. In case the
current sample SN is not within the projections of the bounds
computed at the input of comparator U5, then sample under
consideration (i.e., from the register SN−1) is made the next
origin sample and shifted to register S1. This is enable by gate
UO1 in the upper half of the circuit. The proposed geometric
approach and its hardware implementation as described above
enables in-place assessment of each sample and minimizes
hardware requirements.
A counter is used to count the duration of the current sample
from the last origin (stored) sample. Every time a sample is
eliminated, the counter is incremented. If a sample converted to
a stored sample, the duration of the sample from the last sample
(LEN_OUT) will be passed to the counter output.
Length ratio calculation involves division operation. Since
divider is costly in hardware we implemented it using a lookup
table as shown in Fig. 17.
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Fig. 17. Length ratio look up table.
Fig. 18. Fan decompression and residue computation.
B. Fan De-Compressor Architecture
Fan de-compressor is implemented as a linear slope interpo-
lator. The duration of the current sample from previous sample
is appended along with the current sample, and is used for
computing the slope of the line joining the two samples. Fur-
ther, the slope is multiplied with corresponding index positions
generated using a counter and added to previous sample to
reconstruct the corresponding data sample. The original ECG
samples are stored into a temporary register for residue compu-
tation. Based on the duration between samples, a counter is used
to select the corresponding actual sample from a register array.
The hardware architecture of the de-compressor and residual
error calculator is shown in Fig. 18.
C. Huffman Encoder
Huffman encoder is implemented as a simple lookup ta-
ble. Based on the error symbol, the corresponding statistical
Huffman code is selected from the table. In this implementation
ε is chosen as 10, and hence only 21 entries (−ε to +ε) are
required in the table.
D. Implementation Results
The proposed approach has been implemented in an ECG
chip using 0.35 μm CMOS process based on standard cell
design methodology. A Verilog RTL implementation of the
proposed architecture has been developed and tested with test
data generated from fixed point Matlab simulation. The design
was synthesized, placed & routed, RC extracted using Synopsys
Design Compiler and Cadence Encounter. The post layout
results were verified and circuit power has been calculated
using MIT test data.
TABLE IV
COMPARISON OF COMPRESSOR WITH OTHER HARDWARE
IMPLEMENTED DESIGNS
Fig. 19. Block diagram of the prototyping setup.
Comparison of the proposed compressor hardware with other
recent ECG lossless compressors is given in Table IV. Among
the compared, only the proposed design offers hybrid mode
transmission capability and data rate scalability. The proposed
design achieves the lowest power of 260 nW with a negligible
reduction in compression ratio. Out of the total, roughly 32%
is static power and the remaining is dynamic power. [13] has
better compression ratio, but consumes much higher power
due to the implementation of Golomb coding scheme. [19]
uses selective Huffman coding scheme and consumes much
higher power. Overall, the proposed design offers the lowest
power for compression. As shown in next section, the proposed
compression scheme implemented for a Bluetooth transceiver
achieves significant power savings in wireless sensors.
VI. VERIFICATION OF PROPOSED SCHEME
A prototyping system, as shown in Fig. 19, was developed to
verify the proposed compression technique.
We used a Cardiosim II ECG Simulator, TI ADS1298ECGFE-
PDK ECG acquisition kit for ECG data acquisition, Digilent
Nexys 4 FPGA board for implementing proposed compres-
sion scheme, and TI EZ430-RF256x Bluetooth transceiver
kit for wireless communication. The current consumption of
Bluetooth transceiver is measured for evaluation.
The EZ430-RF256x Bluetooth evaluation board comes with
a dual mode Panasonic Bluetooth module which has Bluetooth
classic and Bluetooth Low Energy radio integrated. We used
the Bluetooth Low Energy mode for testing. It was noted in
[30], that the power consumption of a Bluetooth device can
be significantly lowered by applying manual duty cycling.
Therefore, we configured the transmitter to send ECG samples
from the FPGA board (compressed/uncompressed), based on
duty cycles. The connection interval of Bluetooth transceiver
was adjusted to support the maximum data rate required in
each case. The compressed data received is decompressed
by Matlab running on a PC for signal reconstruction. The
current drawn by the Bluetooth module is measured using
an oscilloscope with a current sensing probe. Measurements
are taken when uncompressed and compressed data are being
transmitted for comparison purposes. The prototyping setup
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Fig. 20. Prototyping setup.
Fig. 21. TI EZ430-RF256x Bluetooth transceiver kit.
TABLE V
CURRENT CONSUMED BY BLUETOOTH AT DIFFERENT DUTY CYCLES
is shown in Fig. 20. We observed that the Bluetooth evalu-
ation board is drawing an average base current of 6.5 mA
when no wireless data transmission is conducted. Since the
datasheet of the Bluetooth chip used (i.e TI CC2560) reveals
the sleep/scan current is around ∼ 100 μA, we hypothesize that
this base current is primarily consumed by various processes
running on the MSP430 MCU and related circuitry in the same
board. The Bluetooth kit we used is shown in Fig. 21. The
Panasonic Bluetooth module and MSP430 MCU are marked in
green color.
To get a realistic estimate of current consumed by the
Bluetooth board for wireless transmission, we subtracted the
base current from the measured current. The resultant currents
for different duty cycles are shown in Table V. It can be
observed from the table that transmission of lossy compressed
data in real-time consume ∼18% power compared to transmis-
sion of uncompressed data stream. While losslessly compressed
data requires ∼53% power compared to uncompressed data
stream. The compression block itself consumes < 1 μA when
implemented in an ECG SoC (Table IV) [12] and therefore is
negligible in comparison with the system power. If the use case
of the device can accept near-real time (i.e., with duty cycles of
5–10 s) data access, then the power consumption can be further
reduced as shown in Table V.
VII. CONCLUSION
This paper presents a novel data compression scheme that
enables hybrid transmission mode for balanced data quality
and power consumption. The proposed scheme encodes the
raw data using a lossy technique and the residual error from
reconstruction is coded for lossless restoration. Applied to
ECG, the scheme achieves an overall lossless compression ratio
of 2.1x and a lossy compression ratio of 7.8x. The proposed
scheme can be implemented either in sensor software or on-
chip hardware and can be extended to other physiological
signals and wireless sensors. The scheme is compatible with
any combination of lossy and lossless techniques and the results
may be improved by using other combinations. The hardware
implementation consumes just 260 nW when synthesized in
0.35 μm CMOS process. The benefits of the proposed scheme
which are demonstrated in an FPGA prototype, shows low
complexity and significant power reduction and therefore is
highly suited for wireless wearable sensors.
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